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Abstract

Evolving graph processing has become a critical component in
various applications and is gaining increasing attention. However,
existing evolving graph systems suffer from cache contention and
workload imbalance between threads, which leads to poor scalabil-
ity and performance degradation on modern multi-core computers.
In this paper, we introduce Bubble, a high-performance evolv-
ing graph processing engine designed with high scalability. By
employing a novel graph format based on mini-batch sorting, Bub-
ble utilizes the private caches of modern processor cores, achiev-
ing near-linear scalability in graph ingestion, while maintaining
high performance for graph analytics. Compared with state-of-the-
art systems, including LSGraph, GraphOne, and XPGraph, Bubble
achieves 2.46x-8.86x higher throughput in ingestion and 0.77x-
3.29% the performance when running common graph algorithms.
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systems.
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1 Introduction

Graph processing is receiving increasing attention because of its
broad usage in social networks [55], recommendation systems [71],
and artificial intelligence [50]. Real-world graphs are often evolving
graphs [6, 11, 22], which are changing rapidly, requiring graph sys-
tems to handle both high-throughput ingestion (i.e., graph updates)
and efficient analytics. Current in-memory evolving graph systems
refine existing graph formats such as adjacency lists [29, 31, 39, 72]
and compressed sparse row (CSR) [23, 30, 51] or introduce new ones
such as learned indexes [61] and packed memory array (PMA) [23,
34, 58] to balance ingestion and analytics performance.

As processor cores continue to increase, a single processor can
feature dozens or even hundreds of cores [1, 3], requiring graph
processing systems to have parallel capabilities to take advantage
of powerful computing resources. While parallel graph analytics
has achieved significant progress [48, 56, 66, 73, 78], ingestion in
state-of-the-art evolving graph systems still uses a simple vertex-
centric partitioned parallel strategy: the graph is divided into non-
overlapping subgraphs (or partitions) by vertex ranges, and the
graph updates are processed in batches, new edges in each batch are
dispatched to the corresponding partitions, and finally, partitions
are updated in parallel, with each partition being processed by a
single thread [39, 58, 61, 72].

This strategy works well under low parallelism, as it prevents
data conflicts caused by multiple threads updating the same parti-
tion, thus eliminating synchronization overhead. However, our ex-
periments show that when these systems scale to dozens of threads,
their ingestion throughput grows slowly or even decreases. For in-
stance, we measured the ingestion throughput of three state-of-the-
art systems (GraphOne [39, 40], XPGraph [72], and LSGraph [61])
on the Twitter dataset. When the thread count doubles from 40 to
80, the ingestion throughput of LSGraph increases by only 32.1%,
and GraphOne and XPGraph drop by 5.1% and 15.2%, respectively.
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Figure 1: Common Dynamic Graph Formats. Blue parts indicate newly added edges and modified data.

Moreover, LSGraph also stops scaling when the thread count ex-
ceeds 64. As hardware continues to scale, these issues can hamper
the adoption of evolving graph processing on future processors.

To understand why performance degrades with more cores, we
analyze the components of existing systems and identify three
key scalability bottlenecks: (1) Cache contention. When multiple
partitions access the last-level cache (LLC) simultaneously, they
frequently evict the data of other partitions, which increases mem-
ory latency by up to 3.2x in our evaluations; (2) Load imbalance.
Due to the skewness of graph data, some threads finish their tasks
early and must be idle to wait for others, causing CPU utilization
to drop below 50%; (3) Dispatching overhead. Excessive partition-
ing leads to high dispatching overhead, which reduces dispatching
throughput at 64 threads to half of that at 8 threads, becoming a
new bottleneck for graph ingestion.

In this work, we explore the design of highly scalable evolving
graph systems and try to address the aforementioned three issues.
To this end, we exploit the potential of existing architectures, lever-
aging private caches (L1 & L2 cache) to reduce cache contention.
We propose a new graph format called MuSEA, which converts the
graph into many locally sorted segments (i.e., mini-batch sorting)
so as to perform larger merges, achieving higher scalability. We
also propose a new parallel strategy with a novel dispatcher and
a work-stealing-based load balancing mechanism to mitigate load
imbalance and prevent dispatching from becoming a bottleneck.

In summary, our main innovations include:

e We propose MuSEA, a storage format based on mini-batch
sorting, which mitigates cache contention among multiple
cores by leveraging private caches (L1 & L2 cache), allowing
many partitions to be updated in parallel without sacrificing
per-partition throughput.

o We design a new parallel ingestion policy that divides threads
into two categories: dispatchers and workers. A lock-free
dispatcher structure enables multiple dispatchers to distribute
updates simultaneously, preventing dispatch overhead from
being a bottleneck. Worker threads, bound to each partition,
process local updates and can help others via a work-stealing
policy to improve overall performance.

e We implement multiple graph query optimizations in the
multi-segment ordered structure of MuSEA. These optimiza-
tions allow access to edges stored in MuSEA with customiz-
able patterns to adapt to the memory access requirements of
different graph algorithms, thereby improving memory access
efficiency and reducing the running time of graph analytics.
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Combining these designs, we implement Bubble, a scalable evolv-
ing graph system for modern multicore processors. Bubble provides
general APIs for graph updates and queries, supporting diverse
dynamic graph workloads with minimal code modifications. Our
experiments on multiple datasets demonstrate that Bubble outper-
forms state-of-the-art evolving graph systems by 2.46X-8.86X in
ingestion throughput and achieves 0.77x-3.29x the performance
when running common graph algorithms.

The rest of this paper is organized as follows. In §2, we introduce
background knowledge for evolving graph systems, including com-
mon storage formats and parallel ingestion strategies, then analyze
their limitations. In §3, we present design details of Bubble, covering
the MuSEA format, ingestion strategies, and analytics optimiza-
tions. §4 evaluates performance of Bubble on diverse datasets and
workloads and compares it to state-of-the-art systems. §5 discusses
related works, and §6 concludes this paper.

2 Background and Motivation

2.1 Dynamic Graph Formats

An evolving graph system (also called a dynamic graph system)
needs to support both high-throughput graph ingestion (i.e., graph
updates) and efficient graph queries. Most of the existing evolv-
ing graph systems are based on the two common graph storage
formats, adjacency list and compressed sparse row (CSR). Figure 1
presents these two graph formats, and their common optimizations
for dynamic graph workloads.

Adjacency list. The adjacency list is the most widely adopted
format for evolving graph workloads [20, 31, 69, 76]. It uses a vertex
index array containing pointers to each vertex’s neighbor list. To
reduce the frequently memory allocation and pointers chasing of
basic linked list implementations, modern systems employ block-
based structures where neighbors are stored in memory blocks
which has better memory locality and can reserve space for in-
coming updates [16, 27, 39, 40, 47]. Alternatively, some systems
implement dynamic arrays that resize by doubling capacity and
relocating neighbors when needed, balancing insertion efficiency
with memory usage [21, 29, 72].

Compressed sparse row. A compressed sparse row, or CSR,
stores all neighbors sequentially in a contiguous array while main-
taining a vertex index array that points to the start of each vertex’s
neighbors. This design offers excellent cache locality for static
graph analytics but struggles with dynamic updates since inserting
edges requires shifting all subsequent elements. Modern evolving
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Figure 2: Parallel Ingestion by Vertex-Centric Partitioning.

graph systems commonly replace the neighbors array in CSR with
a Packed Memory Array (PMA) [5, 10]. PMA maintains sorted ele-
ments with intentional gaps between them, allowing new edges to
be inserted into these pre-allocated spaces. When gaps in a mem-
ory region become insufficient, PMA moves elements to keep the
density of regions balanced, and if the overall density exceeds a
threshold, it reallocates a larger array. This approach preserves
CSR’s sequential access benefits while supporting efficient up-
dates [23, 30, 34, 51, 53, 65].

Other graph formats. Some systems employ tree structures or
hybrid data structures to enhance functionality or performance [25,
35, 58, 61]. For instance, Aspen [35] utilizes an Adaptive Radix
Tree (ART) [44] to support multiple historical time window queries,
while LSGraph [61] combines PMA and tree structures to optimize
performance for vertices of varying degrees. Despite their complex-
ity, these formats follow a similar design principle to adjacency
lists and CSR, where graph data is managed as two parts: an edges
(or neighbors) storage and a vertex index pointing to the storage.
By searching and updating the vertex index, new edges can be
easily inserted into the correct position of the edges storage, and
neighbors of each vertex can also be fetched efficiently.

2.2 Parallel Ingestion of Evolving Graphs

Today’s processors feature dozens or even hundreds of cores, mak-
ing it necessary for systems to use multi-threading to effectively
use all available computing power. However, in evolving graph pro-
cessing, edges often arrive randomly, causing parallel processing
by multiple threads to create conflicts when writing to the vertex
indexes and the edges storage. While out-of-core systems typically
use per-vertex locks to maintain data consistency [23, 31, 51, 65, 81],
this lock-based approach severely restricts ingestion throughput
for in-memory systems [27, 47].

For higher ingestion speeds, recent in-memory systems batch
updates and use a vertex-centric partitioning strategy to ingest edges
of a batch in parallel [25, 39, 47, 58, 61, 72]. Figure 2 illustrates
a typical vertex-centric partitioning strategy, where the graph is
divided into partitions, each containing a specific range of vertices.
To process a batch of edges, a dispatcher sends edges based on
their source vertices to the corresponding partition buffers. Since
the edges in each buffer are related to a distinct range of vertices,
this design allows each partition to be updated independently by a
writer thread, eliminating the need for locks or atomic operations.

Despite similar design principles, a key difference among these
systems is the design of the dispatcher. For example, GraphOne [39]
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and XPGraph [72] deploy a single-thread dispatcher, which scans
the whole batch and distributes edges to corresponding buffers,
while LSGraph [61] and Terrace [58] parallelize sorting the edges
in the batch and then split the batch into ranges by edges’ source
vertex. We will revisit different dispatcher designs and their impact
on parallel loading performance in §2.3.3.

2.3 Limitations of Existing Works

Although the aforementioned solution performs well with a small
number of threads, we observed that last-level cache contention,
load imbalance, and the bottleneck of the dispatcher prevent the
system from scaling to more cores. In this section, we will analyze
these limitations in detail.

2.3.1 LLC contention. Figure 3 shows the memory hierarchy of a
typical enterprise processor. Cache levels closest to the processing
units, such as L1 and L2 caches, are core-private, allowing each
core to access its own cache without contention. In contrast, the
last-level cache (LLC, or L3 cache in common architectures) and
main memory are shared among cores. When cache capacity is
insufficient, data accesses from one core may evict other cores’ data
from the LLC, causing cache contention even without direct data
conflicts.

In vertex-centric partitioning, each graph update modifies the
vertex index and edge storage. For large graph workloads, the sizes
of vertex sets and edge sets often exceed typical LLC capacities,
leading to frequent L3 cache misses and random DRAM accesses.
Existing systems batch updates to reduce the impact of edge writing,
but they often ignore the cache contention caused by vertex index
updates. We observe that random updates of vertex indexes suffer
serious performance issues when scaling to tens of threads. Fig-
ure 4a shows the throughput of random vertex index updates with
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different thread counts. Although the throughput grows linearly
when the number of threads is small, it reaches a bottleneck after
32 threads. We further analyze the latency and L3 cache stalls of
vertex index updates. As shown in Figure 4b, most of the insertion
latency is spent on L3 stalls, and these stalls increase by 3.2X when
the number of threads increases from 16 to 80, which indicates that
the contention of L3 cache is the main reason for poor scalability.

2.3.2  Workload Imbalance. Real-world graphs are often skewed,
causing incoming edges in evolving datasets to be unevenly dis-
tributed. During batch ingestion, skewness leads to imbalanced
workloads among writer threads: threads that finish early remain
idle while waiting for heavily loaded ones, resulting in inefficient
CPU utilization. Existing systems address this by creating more
partitions than threads and assigning leftover partitions to those
that finish early [39]. However, as the number of threads increases,
the skewness intensifies, and simply increasing the number of par-
titions becomes insufficient for effective workload balancing.

To illustrate this, we ran a simulation experiment on LiveJournal
to examine how the number of threads and partitions affects CPU
utilization. As shown in Figure 5, with fewer threads, increasing
the number of partitions can achieve nearly 100% CPU utilization.
However, as the number of threads increases, the CPU utilization
drops significantly. GraphOne and XPGraph both use a maximum of
256 partitions, leading to less than 50% CPU utilization at 64 threads.
Splitting the graph into more partitions is impractical (e.g., 2048
partitions with 128 threads) because excessive partitioning reduces
the average edges per partition, increases scheduling overhead,
and makes the ingestion performance even worse. In conclusion,
load imbalance still restricts system performance under high thread
count.

2.3.3 Dispatching Overhead. As mentioned in §2.2, two types of
dispatchers are commonly used in existing systems. The single-
thread dispatcher (ST) uses an extra dispatcher thread to copy each
edge to the corresponding partition buffer. In contrast, the parallel-
sorting dispatcher (PS) employs all threads to first parallelly sort
all the edges in a batch, and then splits the sorted edges into ranges
for each writer.

We compare the performance of these two dispatcher types with
different numbers of writers (with a fixed partition count of 4x
the number of writers). As shown in Figure 6, when the number
of writers is small, the ST dispatcher writes to fewer partitions,
resulting in better cache affinity and throughput exceeding 150
MEPS. However, as the number of writers increases, the ST dis-
patcher needs to write to more partitions, leading to reduced cache
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and prefetching efficiency, and consequently lower throughput. In
contrast, the PS dispatcher utilizes all threads, so its performance
improves with higher thread counts. Yet, due to contention and
scheduling overhead during parallel sorting, the PS dispatcher’s
performance growth slows after 32 threads and even starts to de-
cline. At 80 threads, both dispatchers’ throughputs fall below 80
MEPS, indicating that dispatching overhead becomes a potential
bottleneck for the evolving graph system.

3 Bubble Design

3.1 Main Idea and Challenges

Main Idea. The most critical factor that limits the scalability of
graph systems is LLC contention (see §2.3.1). However, due to the
huge size of graph data, it is not practical to completely avoid LLC
contention, instead, it is more important to mitigate the impact of
LLC contention. We observe that the private cache (i.e., L1 and L2
cache) presents an opportunity for this. As shown in Figure 3, most
modern processors have a large amount of private cache. Owing
to the non-inclusive cache hierarchy of modern processors [67],
even if a piece of data is evicted from the LLC, the same copy in the
private cache remains preserved. Therefore, we refer to a routine
that only accesses data in private cache as contention-safe, meaning
that it can run parallelly without being affected by other threads
using LLC (and without taking up the LLC and affecting other
threads).

Therefore, to improve the scalability of graph ingestion and
allow a large number of partitions to update in parallel while min-
imizing cross-partition interference, it is essential to ensure that
most of the graph update process is contention-safe. To achieve
this, our main idea is to convert graph updates into multiple lo-
cal sorts and a small number of global merges. Specifically, we
divide newly arrived edges in a partition into mini-batches that fit
within L2 cache, sort each mini-batch to create sorted segments
(mini-batch sorting), and periodically merge multiple sorted seg-
ments into a larger one to maintain global ordering. Because each
mini-batch sort is contention-safe, the partition being sorted is un-
affected by other partitions (even if they are merging), preserving
high ingestion throughput as more partitions are used.
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Challenges. To build a complete system based on the above idea,
we mainly face three challenges. First, merging multiple sorted seg-
ments is heavy and may become the new bottleneck of the system.
Second, before batches are merged, edges of the same vertex are
scattered across different mini-batches, making it difficult to find
the neighbors of a vertex efficiently, which may affect the analytics
performance. Third, the workload imbalance and dispatcher bottle-
neck described in §2.3.2 and §2.3.3 should be addressed, to ensure
all partitions have enough updates to process.

3.2 Overview

To overcome the aforementioned challenges and achieve a highly
scalable evolving graph system, we propose Bubble. As Figure 7
illustrates, to efficiently process both graph updates and graph algo-
rithms, Bubble consists of three key components: the MuSEA graph
format, a parallel ingestion policy, and optimizations for graph
analytics. Similar to existing works, graphs are partitioned into
subgraphs by vertex ranges. In Bubble, each subgraph is stored as a
MuSEA, a novel format that supports efficient parallel updates. All
new edges are dispatched to the corresponding MuSEA to keep the
workload balanced under the ingestion policy. Graph algorithms
are implemented in Bubble ’s vertex-centric API, with additional
optimizations to enhance their performance. To better understand
the design of Bubble, we first briefly introduce these three com-
ponents, and then provide detailed explanations in the following
subsections.

MuSEA Format. The core of Bubble is MuSEA (§3.3), a novel graph
format, which adopts mini-batch sorting and periodic merging to

1557

utilize the private cache of CPU cores, allowing the system to update
dozens of partitions in parallel without interference. Moreover,
though the neighbors of a vertex are stored discontinuously, MuSEA
supports efficient vertex-centric queries by maintaining multiple
adaptive indexes that can quickly locate a vertex’s edges.
High-parallel Ingestion Policy. To reduce workload imbalance
and dispatching overhead, Bubble employs a new parallel ingestion
policy. This policy includes a scalable multi-core dispatcher and
a work-stealing-based load-balancing mechanism. The carefully
designed lock-free structures in the multi-core dispatcher allow
multiple threads to append updates to the same partition simulta-
neously. The work-stealing mechanism enables idle writer threads
to assist with updates in busy partitions, addressing workload im-
balance due to skewed graphs. We detail these designs in §3.4.
Analytics Optimizations. Finally, Bubble supports efficient graph
analytics through both a general vertex-centric API and query-
optimized APIs designed for common graph access patterns. Bubble
converts query requests into sequential scans of MuSEA when pos-
sible and caches some query results within an algorithm execution
to mitigate the overhead caused by discontinuous neighbor storage.
We will discuss these optimizations in §3.5.

3.3 MuSEA Format

Bubble stores each subgraph as a multi-segment edge array, or
MuSEA. To address LLC contention, MuSEA uses mini-batch sorting
to ingest updates. In this section, we first introduce basic structure
of MuSEA (§3.3.1), followed by its operations, including updates
(§3.3.2 and §3.3.3) and queries (§3.3.4).
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3.3.1 Data structure. Figure 8(a) illustrates the structure of MuSEA.
The core of MuSEA is an edge array containing all edges in the
subgraph. The array is divided into multiple segments (shown in dif-
ferent colors), with newer segments holding recently inserted edges.
Except for the last segment, edges in each segment are sorted by
source vertex ID. However, edges across segments are unordered, so
different segments can store edges for the same vertex. A metadata
array records each segment’s start position, length, and sorted sta-
tus. Each sorted segment is associated with an index array storing
offsets that point to the first edge of some vertices in the segment.

To reduce memory overhead, an index does not include offsets
for all vertices. Instead, the index is adaptive: it first sets the index
size based on the segment’s edge count, then determines the index
granularity from both this size and the total vertex count in the
partition, storing only one vertex offset per granularity. For example,
in Figure 8(a), the first segment has an index size of 4 (half the
segment length). Because there are 8 vertices in the partition, the
index granularity is 8/4 = 2, so the index stores offsets for every
two vertices (i.e., for vertices 1, 3, 5, and 7).

3.3.2 Sorting-based Updates. As shown in Figure 8, the update
process of MuSEA consists of three stages: appending, sorting, and
merging.

Append. Figure 8(a) shows the process of the appending stage.
In this stage, edges are directly appended to the end of the edge
array, specifically in the last unsorted segment, and the length in
the segment info is updated accordingly. The append operation is a
sequential write to memory, which is contention-safe and can fully
utilize memory bandwidth.

Sorting. Simply appending edges to the end of the array provides
high update throughput, but the unordered edge data limits graph
analysis performance. Therefore, when the number of edges in the
unsorted segment exceeds a set threshold, the sorting stage creates a
new sorted segment. As shown in Figure 8(b), edges in the segment
are first sorted, then an adaptive index is created and linked to the
new sorted segment. (see §3.3.1 for details of index, an index can
be constructed by simply scanning the segment once.) Finally, the
metadata record of the segment is updated, and an empty unsorted
segment is set at the end of the array for subsequent new edge
writes. By setting an appropriate threshold, each sorting segment
can fit within L2 cache, allowing multiple MuSEA structures to sort
simultaneously without causing LLC contention.

Merging. The sorting stage generates numerous segments, which
can degrade performance during graph queries. To reduce the num-
ber of segments, it is necessary to periodically merge them. Fig-
ure 8(c) illustrates the process of merging three segments from
graph (b). The merging process is similar to the sorting stage: first,
edges in all merging segments are reordered to form a new sorted
segment, then the original indexes of the segments are released, and
a new index is created. Finally, the metadata records of the merged
segments are combined into a single record. The merging stage
involves extensive edge rewriting, and frequent merges can lead to
significant performance degradation. In the next section, we will
further analyze the overhead of the merging stage and introduce
how to mitigate its impact on system performance through a proper
merging policy.
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3.3.3  Merging Policy. The merging stage aims to minimize the
number of segments while controlling the total amount of data
rewriting (i.e., write amplification). Consider a merge operation
that merges m segments with lengths Ly, Ly, .. ., L, we define its
merging efficiency as:

2 Li
max(Ly, Ly, ...,Lm)

(1)

Emerge =

In other words, merging efficiency is the total length of all segments
divided by the length of the longest segment. To illustrate this
intuitively, suppose a longer segment is merged sequentially with
multiple shorter segments. Each time a shorter segment is merged,
all data in the longer segment must be rewritten, yet the length
of the merged segment does not grow much. Compared to first
merging all the shorter segments into one larger segment, and then
merging the new segment with the longer segment, the sequential
approach introduces more write amplification and is therefore less
efficient.

Next, to show how controlling the efficiency can bound over-

all write amplification, assume every merge operation satisfies
Emerge > a. For any edge in the graph, consider the length of the
segment it belongs to. By definition, after each merge, the seg-
ment containing that edge grows by at least a factor of a. Thus,
after K merges, its length is at least oL, where L is the initial
length of the segment. Because each merge rewrites data in the
merged segments exactly once, any edge in a MuSEA with N edges
is rewritten at most log, (N /L) times, so the upper bound of total
write amplification is log, (N/L).
Segments Selection for Merging. Based on the above analysis,
we propose a merging strategy guided by merging efficiency. Its
principles are: (1) ensuring the efficiency of each merge operation
is above a preset threshold «, and (2) merging as many segments as
possible. After each sorting stage, the system calculates the merging
efficiency of the last K segments in sequence (K from 1 to the
count of segments in the partitions) and selects the largest K that
satisfies the condition. If no K meets this requirement, no merging is
performed after this sorting stage. Considering the total length of all
segments in MuSEA, we can prove that as the number of segments
grows, there always exists a K that meets the condition. Thus, the
number of segments in MuSEA does not exceed (& — 1) log,, (N/L).
In Bubble, we set & = 2 as the default threshold to balance read
and write efficiency. This setting yields an upper bound on both
the number of segments and the write amplification of log, (N/L).
We further discuss system performance under different a values in
the evaluation (§4.6).

3.3.4 Basic Graph Query. Though the edges of a vertex may be
scattered across multiple segments, MuSEA can still provide effi-
cient vertex-centric query performance because edges within each
segment are sorted and indexed. To query the neighbors of a vertex
(or the edges from this vertex), one must sequentially check each
segment. For ordered segments, the system first uses the adaptive
index to locate the general range of edges that likely contain those
relevant to the vertex, and then applies a binary search within that
range. For unordered segments, because the required edges may
appear anywhere, the entire segment must be scanned.
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Figure 9: Parallel Ingestion Policy and Threads Management.

Although this lookup process is more involved than in common
graph formats like CSR or adjacency lists, it does not severely de-
grade query performance. First, because the adaptive index keeps
the general range small (typically within a cache line), the binary
searching in the range incurs minimal overhead. Second, as with
adjacency lists, edges of the same vertex are not strictly contiguous,
but MuSEA’s merging strategy limits the total number of segments,
often yielding better performance than adjacency lists when query-
ing high-degree vertices. Furthermore, while querying a vertex
may involve scanning some unordered segments, our experiments
show that by selecting an appropriate sorting threshold, scanning
unordered edges accounts for less than 5% of the total query time.
Finally, for certain common graph access patterns, Bubble provides
some optimizations, detailed in §3.5.

3.3.5 Algorithmic Details. MuSEA’s update process requires signif-
icant sorting and merging operations. Therefore, selecting suitable
algorithms for these tasks is important for overall system perfor-
mance. In this work, we describe the algorithms we use and explain
our choices.

A proper sorting algorithm for MuSEA should (1) be in-place
to avoid extra LLC accesses, (2) have good locality to make use of
the L1 cache, and (3) perform well on short random sequences. We
choose PDQSort (Pattern-defeating Quicksort) [59] because it is
fast on short random sequences. Replacing it with another in-place
sorting algorithm does not affect scalability of Bubble, but a slower
algorithm may reduce update throughput.

For merging, traditional merge algorithms require extra memory
to temporarily store all merged edges and then move them back,
which causes additional LLC accesses. To avoid this, TimMerge, the
merge routine from TimSort [60], is employed. TimMerge buffers
only a small run and performs multi-segment merging with O(n)
additional writes. Applied to MuSEA, this approach is both faster
and more memory-efficient than straightforward merge algorithms.

3.4 Highly Parallel Batch Ingestion

By following the principle of mini-batch sorting, the MuSEA format
allows the system to maintain tens or hundreds of subgraphs and
perform parallel updates with high throughput. However, to achieve
highly scalable ingestion, it still needs to address the other two
issues mentioned above: the workload imbalance caused by skewed
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graphs and the overhead of dispatching. In this section, we will
introduce the design of the parallel ingestion policy in Bubble,
which includes a load-balancing mechanism based on work-stealing
and a dispatcher that supports parallel dispatching. Figure 9 shows
the parallel ingestion strategy and threads management in Bubble.
Two types of threads are used in ingestion: dispatcher threads (DT)
read the updates and append edges to the corresponding MuSEA,
while each MuSEA is bound to a worker thread (WT), which is
responsible for sorting and merging in the MuSEA.

3.4.1 Scalable Dispatcher. To avoid potential performance bottle-
necks in dispatching, allowing multiple threads to dispatch updates
in parallel is crucial. However, as mentioned in §2.3.3, multiple
dispatcher threads may need to update the same partition simul-
taneously, requiring additional synchronization that could lead to
further performance degradation. To address this, Bubble intro-
duces a lock-free, multi-threaded dispatcher. Figure 10 illustrates
how multiple threads append edges to the same edge array in paral-
lel. First, at the beginning of batch ingestion, each thread atomically
reserves a block with several empty edge slots at the end of the
edge array, allowing the threads to safely append edges into the
block without synchronization. If any thread’s block becomes full,
another block is allocated for it. After all threads finish dispatching,
there may be some empty slots in the edge array. A single thread
then reverse-scans the edge array and moves edges from the end to
fill these empty slots, ensuring that all edges are contiguous. Mean-
while, by reading each thread’s write position, worker threads can
identify which part of the edge array is filled and correctly perform
sorting and merging without waiting for all edges in the batch to
be dispatched.

3.4.2 Load Balancing by Work-stealing. Another issue affecting
ingestion scalability is load imbalance. A worker thread managing
a hot partition may be blocked by the sorting and merging, while
other worker threads are idle. In existing evolving graph systems,
it is difficult for idle threads to help busy ones because concurrent
insertions to the same partition introduce data conflicts, resulting
in additional synchronization overhead. In contrast, although the
merging stage in MuSEA modifies extensive metadata and is also
difficult to parallelize, the sorting step exhibits good locality. Thus,
when one worker thread is busy merging, idle workers can help by
sorting newly appended edges. In our design, if a worker thread
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remains idle for a while, it checks the status of other partitions
and assists the one with the most unsorted edges to create a sorted
segment.

3.5 Analytics Optimizations

While MuSEA can provide efficient vertex-centric queries (§3.3.4),
the process remains more complex than in common graph formats
such as CSR or adjacency lists. To further improve graph analytics
performance, Bubble implements several optimizations for common
graph access patterns. All of these optimizations are implemented
as high-level, vertex-centric APIs in Bubble, enabling users to apply
them easily in their algorithms.

Horizontal scanning. Many graph algorithms, such as PageRank,
SSSP, and CC without shortcuts, require scanning all edges. For
these algorithms, there is no need to query each vertex’s neighbors
one by one, which would otherwise require traversing all segments
for every vertex. Instead, Bubble supports horizontal scanning, al-
lowing users to read the segments in sequence and skip unnecessary
binary searches. This optimization is also handy for range queries,
where users specify a range of vertex IDs and want all neighbors
in that range. In this case, Bubble accesses the index and performs
a single binary search per segment, after which edges are read by
sequentially scanning the segments.

Multi-head iterators. Another category of algorithms must re-
trieve neighbors in a particular order. For instance, triangle counting
(TC) needs to scan neighbors by their target vertex ID. Although
Bubble can sort edges in different ways (see Bubble-O in §4.1 for de-
tails), merging edges between segments still requires checking each
segment. To accelerate this, Bubble provides multi-head iterators,
which store a pointer to each segment and move these pointers
under specific conditions. For example, to iterate edges by target
vertex ID, the pointers are placed in a min-heap, and the algorithm
always processes the pointer at the top of the heap. This optimiza-
tion also benefits algorithms like CC with shortcuts, where only
the first N neighbors are needed, and these pointers help determine
whether enough neighbors have been found across all segments.
In-analytics cache. Certain queries that are straightforward in
CSR or adjacency lists may incur higher overhead in Bubble. For
example, querying the degree of a vertex in Bubble requires a
binary search for each segment, which can be costly in algorithms
that repeatedly access vertex degrees (e.g., PageRank). To address
this, Bubble provides an in-analytics cache that allows users to
store some query results within the algorithm, thus speeding up
such accesses. Additionally, we implement a pre-calculation cache,
which enables users to precompute vertex degrees (and similar
information) in advance. Compared to calculating them during
the algorithm, pre-calculation typically achieves higher speedups
by leveraging the aforementioned optimizations and offers better
locality.

4 Evaluation

4.1 Experimental Setup
Environment. All experiments are conducted on a dual-socket
server with two Intel Xeon Gold 5218R CPUs at 2.10 GHz. Each

processor has 20 physical cores and 40 logical cores with hyper-
threading enabled. Each CPU has 28 MB of L3 cache. The L2 and
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Table 1: Statistics of the Datasets.
Datasets Domain Vertices Edges
LiveJournal (L]) social 4,847,571 68,993,773
Protein (PR1) biology 8,745,542 1,058,120,062
Twitter (TW) social 61,578,415 1,468,365,182
Friendster (FR) social 68,349,466 2,586,147,869
UK-2007 (UK) web 110,123,614 3,944,932,566
Protein2 (PR2) biology 17,491,086  4,234,728,014

Il LSGraph [ XPGraph [ GraphOne [ Bubble-U [ Bubble-O

100 A

75 A

50 1

25

Throughput (MEPS)

L PR1 TW FR UK PR2

Figure 11: The Throughput of Graph Ingestion.

L1 caches are 1 MB and 64 KB per core, respectively. The server is
equipped with 220 GB of main memory and 1.5 TB of NVMe SSD
storage. The operating system is Ubuntu 20.04.6 LTS with kernel
version 5.15.0.

Comparison systems. We compare Bubble with three state-of-
the-art evolving graph systems: LSGraph [61], XPGraph [72], and
GraphOne [39, 40]. These systems use distinct data structures to
balance updates and analytics performance: LSGraph employs tree-
structured PMAs, XPGraph uses adjacency lists with dynamic ar-
rays, and GraphOne uses block-based adjacency lists. GraphOne
offers high performance for both ingestion and analytics, making
it a strong baseline. Although XPGraph was originally designed for
persistent memory, we use its DRAM-only version as a baseline
due to its superior insertion throughput. LSGraph is a state-of-
the-art system that guarantees ordered neighbors [61], which is
important for workloads such as triangle counting or graph pattern
mining [13]. Since the original LSGraph ingests edges only in a
single direction and lacks support for querying in-neighbors, we
implement a two-way version that maintains separate graphs for
both directions, ensuring a fair comparison.

Two versions of Bubble are used in our evaluations: Bubble-U,
which sorts edges by source vertex ID, and Bubble-O, which sorts
edges by both source and target vertex IDs. As a result, Bubble-U
is more efficient for ingestion, while Bubble-O supports queries
requiring ordered neighbors.

Datasets. We evaluate Bubble on six real-world graphs from dif-
ferent domains [15, 41, 45]. Table 1 lists the key statistics of these
datasets. These graphs are widely used for benchmarking graph sys-
tems. LiveJournal [8], Twitter [42], and Friendster [41] are online
social networks that follow a power-law distribution. UK-2007 [14],
being a web graph, exhibits a similar power-law degree distribu-
tion to Twitter, though it has fewer extremely high-degree vertices.
Protein and Protein2 [7] are from biology research, featuring higher
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Figure 12: Time to Run Graph Algorithms, Normalized to Bubble-U.

density but less skewed distributions compared with social net-
works. All datasets are converted to binary edge lists with 4-byte
vertex IDs and randomly shuffled before evaluation.

Graph Analytics Workloads. We adopt four common graph com-
puting algorithms to evaluate graph analytics performance: breadth-
first search (BFS), PageRank (PR), connected component (CC), and
triangle counting (TC).

We implement each algorithm on all systems following the im-
plementations GAP Benchmark Suite [9]. Every effort is made to
ensure that the compared algorithms are consistent, and the results
are verified for a fair comparison. LSGraph only provides a vertex-
centric programming model based on EdgeMap and VertexMap op-
erations [66], which differs from the shared memory models the
other three systems provide. The algorithms are carefully translated
into a version that can run on LSGraph, and for some algorithm op-
erations that are difficult to express using EdgeMap and VertexMap,
the underlying LSGraph interface is called to ensure that the algo-
rithms remain completely consistent across all systems.

4.2 Graph Ingestion Performance

We first evaluate the graph ingestion performance of different sys-
tems in MEPS (Million Edges Per Second) on all the datasets listed
in Table 1. To properly measure the ingestion throughput of sys-
tems with asynchronous updates (e.g., GraphOne), we record the
time until the last edge is visible for analytics. This means all edges
have been applied in GraphOne and XPGraph, and all sorting and
merging operations are finished in Bubble. We use 80 threads for all
tested systems to utilize all CPU cores on our machine. The inges-
tion batch size is set to 65536 (i.e., 216), following the configuration
recommended by GraphOne and XPGraph. Datasets are loaded into
memory before testing to avoid I/O overhead.

Figure 11 shows the ingestion throughput of each system. Bub-
ble-U and Bubble-O outperform the other systems on all datasets.
In particular, the throughput of Bubble-U reaches 90.03 MEPS
on the largest dataset (PR2), achieving speedups of 5.94X-8.86X,
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2.68X-3.37%, and 2.46X-5.27x over LSGraph, XPGraph, and Gra-
phOne, respectively. The ordered-neighbors version (Bubble-O)
is slightly slower than Bubble-U, at 67.9%-99.7% of Bubble-U’s
throughput, but still achieves 2.54X-8.15X speedups on the largest
two datasets (UK and PR2).

Notably, LSGraph exhibits the slowest loading performance
among the competitors because it is the only system among the
three competitors that keeps neighbors in sorted order. When in-
serting an edge, LSGraph must locate the exact position in the
neighbor list instead of simply appending it to the neighbor block,
as XPGraph and GraphOne do. In contrast, Bubble-O preserves or-
dered neighbors through sorting, adding only minimal local sorting
overhead and thereby providing better insertion performance.

4.3 Graph Analytics Performance

Although Bubble shows excellent ingestion performance, we still
need to consider potential trade-offs in its graph analysis perfor-
mance. To this end, we evaluate the graph analysis performance
of Bubble on four common graph algorithms. As described in §4.1,
the implementations of these algorithms are consistent across all
systems. We test on all datasets to assess the systems’ performance
on graphs of different sizes and distributions.

First, we evaluate the analytics performance of the systems on
BFS, which is a fundamental graph algorithm that many graph ana-
lytics workloads rely on [63]. The results are shown in Figure 12a.
Bubble-U and Bubble-O still achieve the best performance, reducing
the running time by 49.0%, 34.5%, and 30.7% compared to LSGraph,
XPGraph, and GraphOne, respectively. The average running time
of Bubble-O is 12% lower than that of Bubble-U, mainly due to
better locality from sorting neighbors by destination nodes.

Figure 12b shows the results for the PageRank algorithm. The
average performance of Bubble is still the best. PageRank traverses
all edges of the graph in each iteration. The horizontal scanning
optimization employed in Bubble successfully converts the access
pattern into sequential reads within sorted segments. For uniform
and large datasets (such as PR2), the performance of all systems
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Figure 13: Scalability of Ingestion with Multi-Threading,.

is close, owing to the good locality of the PageRank algorithm.
XPGraph achieves the best performance on PR2 (82.9% running
time compared to Bubble-O), possibly because its dynamic arrays
store the neighbors of each vertex contiguously, thus improving
locality in memory access and computation. Note that LSGraph
performs poorly on the most skewed graph datasets (L], TW) in BFS
and PageRank, likely due to the overhead of deeper tree structures
for high-degree vertices.

Figure 12c presents the results of the CC algorithm. LSGraph
performs well on smaller or skewed datasets (77.2% running time
compared to Bubble-O on TW), while Bubble-O is faster on larger
or more uniform datasets (66.4% running time compared to LSGraph
on PR2). XPGraph and GraphOne perform poorly on all datasets.
The main reason for this difference is that the CC algorithm consists
of two stages: sampling and finalization. In the sampling step, the
algorithm selects the first two neighbors of each vertex and derives
an approximate maximum connected component. In finalization, it
skips vertices in the approximate maximum connected component
and computes the connected components of the remaining smaller
vertices. LSGraph stores a fixed number of neighbors for each vertex
in contiguous arrays, making the sampling phase faster. However,
on larger or more uniform graphs, the finalization phase takes a
higher proportion of the time, and Bubble achieves higher efficiency.

We also compare the performance of Bubble and LSGraph on the
Triangle Counting (TC) algorithm to assess Bubble-O on workloads
that require ordered neighbor interfaces. Figure 12d shows that
Bubble-O beat LSGraph on small or more uniform datasets (L], PR1,
PR2), while LSGraph performs better on skewed datasets (TW, FR,
UK). In further analysis, we found that most of the performance
gap in skewed datasets is caused by the different parallel libraries.
LSGraph employs OpenCilk [64], which provides a work-stealing
runtime scheduler that is more effective under imbalanced work-
loads. Unfortunately, OpenCilk is bound to a custom clang compiler,
so it is hard to migrate Bubble to it for further testing.

4.4 Scalability

To validate that the design of Bubble improves the scalability of
graph ingestion, we evaluate the update throughput of competitor
systems using different thread counts. As shown in Figure 13, we
ingest the Twitter and Friendster datasets with 4 to 80 threads.
On both datasets, Bubble shows the best scalability, and Bubble-
O achieves nearly linear speedups with the number of threads.
Bubble-U also exhibits good scalability but encounters a memory
bandwidth bottleneck once the throughput exceeds 100 MEPS. As
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Table 2: Memory Usage in GB.
Bubble-O Bubble-U LSGraph XPGraph GraphOne

LJ 1.59 1.58 2.42 2.45 2.74
PR1 19.20 19.21 29.25 22.31 20.04
™ 26.01 26.19 44.57 33.29 33.77
FR 43.46 43.86 75.11 49.75 57.85
UK 66.15 66.28 120.54 73.36 88.98
PR2 70.16 70.18 125.25 55.54 74.84

a result, Bubble-O and Bubble-U show similar performance with
80 threads (see results in Figure11), even though Bubble-O has a
heavier sorting workload.

LSGraph has a smooth performance curve but is significantly
slower than the other systems and does not exhibit good scala-
bility after exceeding 48 threads. XPGraph and GraphOne show
similar trends, with two turning points in their scalability curves
(32 and 56 threads on Twitter, 24 and 72 threads on Friendster).
According to our analysis, the first scalability drop is caused by
their single-threaded dispatcher design (§2.3.3), while the second
drop results from LLC contention (§2.3.1) and thread imbalance
(§2.3.2). Compared to Friendster, the Twitter dataset is more skewed,
which increases the cache hit rate during dispatching but also in-
creases workload imbalance. Therefore, on the Twitter graph, the
first turning point occurs later, and the second emerges earlier than
on Friendster.

4.5 Memory Footprint

Table 2 reports the memory usage of each system on different
datasets. We measure the resident memory after ingesting the graph
and running BFS on each dataset. Remember that Bubble stores
both source and target vertex IDs in the edge array to sort edges
correctly, while other systems only store target vertex IDs, result-
ing in theoretically twice the memory overhead. However, in our
evaluation, Bubble achieves the highest memory efficiency on 5
of the 6 datasets, consuming 54.98%—65.66%, 64.52%-126.38%, and
57.58%-95.82% of the memory used by LSGraph, XPGraph, and
GraphOne, respectively. Bubble-O and Bubble-U use nearly the
same amount of memory, since the only difference between them
is the comparison function used in sorting.

The low memory usage of Bubble is primarily due to its compact
data structure, wherein all edges in MuSEA are stored contiguously
in a single array with no reserved space for future insertions. All
three compared systems reserve space for each vertex to accelerate
ingestion. For instance, LSGraph and XPGraph allocate small arrays
for each vertex to store the first few neighbors, and their PMAs
maintain gaps between neighbors. GraphOne and XPGraph allocate
memory in fixed-size blocks, resulting in internal fragmentation.

In dense graphs such as PR2, Bubble consumes more memory due
to the overhead of segment adaptive indexes. Bubble allocates index
space for each segment using a fixed proportion of the space occu-
pied by the segment (1/8 in our experiments). For denser graphs,
this allocation can be larger than the per-vertex index used by other
systems. Users can manually adjust the proportion of index space
to reduce the memory overhead.
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4.6 Sensitivity of Merging Efficiency Threshold

The merging efficiency threshold, «, is a key parameter in Bubble.
As analyzed in §3.3.3, adjusting « changes the merging frequency,
creating a trade-off between analytics and ingestion performance.
We evaluated Bubble’s performance on the Twitter and Friendster
datasets with different a values. The results in Figure 14 confirm our
theoretical analysis: a lower « leads to more frequent merges, im-
proving analytics performance at the cost of ingestion throughput,
while a higher « has the opposite effect.

Moreover, the experiments showed that the performance of Bub-
ble was stable around the default configuration (a = 2.0), but the
observed curve is smoother than theory suggests. For example, in
the Friendster dataset, raising « from 2.0 to 4.0 improves update
bandwidth by only 11.7% while increasing BFS running time by
only 13.4%. This discrepancy occurs because the theoretical analysis
limits the worst-case bounds, whereas in practice, both the segment
counts and write amplification are far below these bounds.

5 Related Works

In-memory evolving graph processing. Our work focuses on
in-memory evolving graph processing. Numerous approaches have
been proposed in this field, achieving remarkable progress [5, 23—
25, 27, 29-31, 35, 35, 47, 52, 58, 72, 75]. Similar to our target, some
studies also emphasize the batch-ingestion efficiency of dynamic
graphs [25, 39, 40, 47, 58, 61]. GraphOne [39] and GastCoCo [47]
batch edges updates and reserve space in adjacency lists, while Ter-
race [58] and LSGraph [61] organize data in tree-based structures,
mixing formats like edge arrays and PMA to accelerate ingestion
and analytics. While these techniques have improved ingestion per-
formance, but in such high-speed scenarios, cache contention and
load imbalance become more significant, and limit the scalability
of graph systems. We address scalability issues by introducing a
low-contention graph format, MuSEA, and a new parallel ingestion
strategy, thereby delivering better multi-core performance.

Some other in-memory dynamic graph systems focus on incre-
mental computation [25, 29, 35, 52, 70]. While has a different target,
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they use similar data structures as other evolving systems, such as
adjacency lists [29, 52] or tree-based designs [25, 35], which face
the same scalability issues, and our solutions has potential to be
applied to them as well.

Out-of-core graph processing. Out-of-core graph systems [4, 28,
36, 38, 43, 49, 63, 68,74, 79, 80, 82] store graph data in disks, and can
handle graphs that exceed main memory. Some out-of-core systems
support dynamic graph processing [21, 32, 37, 51, 65, 83, 84]. These
systems focusing on I/O efficiency rather than parallel performance.
However, with faster storage devices such as persistent memory [2]
and NVMe SSDs, more cores are required to fully leverage device
throughput [26, 33], so parallel optimizations in Bubble could also
be beneficial for out-of-core systems as well.

Edge-centric systems are another out-of-core approach [62, 77,
85], which store the graph as raw edge lists and transform an-
alytics into log-file traversals. Although they achieve high I/O
throughput, these designs often suffer from poorer analytics per-
formance and limited programmability [77]. Bubble also appends
the edges first, but by adopting a sorting-based strategy, it supports
the vertex-centric query, which is more efficient and easier to use.
LSMGraph [81] and MyRocks [54] use LSM-trees [57] to convert
small I/O operations into bulk writes by building sequential tables.
Bubble also exploits the ordered structure in MuSEA, but we further
explore and address parallelism challenges in in-memory systems.
Distributed graph processing. There are also many graph sys-
tems designed for distributed environments [12, 17-19, 46]. These
systems mainly focus on optimizing partitioning and communica-
tion to manage large-scale graphs across multiple machines.

In distributed settings, cross-node communication latency tends
to be the primary bottleneck rather than inter-core contention.
Therefore, the solution proposed in Bubble may not be directly
applicable. A more suitable approach might be to use Bubble as a
local graph storage engine and build a distributed layer on top of it.
Nonetheless, we expect Bubble to perform well in disaggregated
memory architectures, such as those based on NUMA, RDMA, or
CXL, because these architectures offer high throughput with higher
latency in accessing a large remote memory pool, similar to local
memory access in Bubble.

6 Conclusion

In this paper, we develop Bubble, a novel evolving graph system
that supports highly scalable graph ingestion and efficient analytics.
By introducing the MuSEA format, Bubble updates numerous par-
titions in parallel and minimizes mutual interference, which takes
full advantage of modern multi-core processors. We also design an
efficient adaptive index structure and several query optimizations
for the noncontiguous edge storage in MuSEA to minimize query
overhead. Our experiments show that Bubble significantly outper-
forms cutting-edge systems in graph ingestion while maintaining
comparable or higher graph analytics performance.
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Appendix: Artifact Description/Artifact Evaluation

Artifact Description (AD)

A Overview of Contributions and Artifacts

A.1 Paper’s Main Contributions

This paper presents Bubble, a scalable evolving graph system for
modern multi-core processors. Our key contributions can be sum-
marized as follows:

C1 The MuSEA, a graph format allowing a large number of sub-
graphs to be updated in parallel and minimizing cache con-
tention among threads.

C2 The Bubble parallel ingestion policy, featuring a lock-free, zero-
copy dispatcher and a work-stealing-based scheduler.

C3 The query optimizer in Bubble, which allows accessing edges in
MuSEA with customizable patterns to adapt to the require-
ments of various graph algorithms.

C4 Comparison of Bubble against state-of-the-art systems, includ-
ing GraphOne, XPGraph, and LSGraph, on a set of real-world
graph datasets and common graph algorithms.

A.2 Computational Artifacts

Two computational artifacts are archived under a single DOI, but
we recommend using the two GitHub repositories for better orga-
nization and ease of use.

Repo1l: https://github.com/ldeng-ustc/bubble
Repo2: https://github.com/ldeng-ustc/bubble_rel
DOI:  10.5281/zenodo.15781200

Artifact ID  Contributions Related
Supported Paper Elements

A1 C1,C2,C5,C

Figures 11-13
Table 2

Ay Cy Figures 11-13

Table 2

B Artifact Identification
B.1 Computational Artifact A;
Relation To Contributions

This artifact contains the main implementation of Bubble, which
combines three key designs: the MuSEA (C1), the parallel ingestion
policy (Cz), and the query optimizer (C3). The artifact is provided as
a C++ library, and Bubble in the comparison against other systems
(C4) is built on top of this library. We provide an example code to
verify the library.

Expected Results

The example program should compile and run successfully.

Expected Reproduction Time (in Minutes)

The expected building time for this artifact is 10 min. The expected
execution time of the example program is less than 1 min.
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Artifact Setup (incl. Inputs)

Hardware. This artifact has no specific hardware requirements,
but to reproduce the results, a dual-socket server with at least 80
logical cores, 128 GB of RAM and at least 300 GB of storage is
recommended. A network connection is required for downloading
the dependencies and datasets.

Software. The artifact depends on several libraries; these libraries
will be automatically downloaded during compilation, and there
is no need to install them manually. These libraries include:
numactl (v2.0.18), cxxopts (v3.2.0), indicators (v2.3), hwloc (v2.11.2),
fmtlib (v10.1.1), parlay (v2.3.1), concurrentqueue (v1.0.4), and read-
erwriterqueue (v1.0.6).

Datasets / Inputs. This artifact requires no additional inputs.

Installation and Deployment. The artifact should be compiled and
run on a Linux-based system. The requirements for the system and
compilers are listed below.

e Kernel: >= 5.15.0
e C++ compiler: g++ 11.4.0
e CMake: >=3.20.0
e Boost: >=1.83.0

We recommend reproducing our work on Ubuntu 24.04 because
the current default versions of the software in its package manager
meet all requirements, avoiding complex manual installations.

Artifact Execution

The workflow consists of two tasks: compiling and running. In com-
piling, the library and the example code are built using CMake, and
the example program is generated. Then, in running, the example
program is executed, and the output is generated.

Artifact Analysis (incl. Outputs)

No extra processing is required for this artifact and its output. To
verify the artifact, check whether the example program finishes
running successfully (with return code 0) and that there are no
error messages in its output.

B.2 Computational Artifact A,

Relation To Contributions

This artifact provides implementations for common graph algo-
rithms using Bubble and three competitive systems (GraphOne,
XPGraph, and LSGraph). The graph algorithms include BFS, PageR-
ank, CC, and TC.

For comparison (Cy), the artifact also includes corresponding
testing programs and running scripts for all four systems. Forked
versions of the three competitors are provided in the artifact, based
on the main branch of their codebases. The testing programs load
the graph data, run the algorithms, and collect ingestion and analy-
sis time, memory usage, and other runtime metrics for each system.

The artifact also provides plotting scripts to process the output
of the testing programs and generate Figures 11-13 in the paper.


https://github.com/ldeng-ustc/bubble
https://github.com/ldeng-ustc/bubble_rel
https://doi.org/10.5281/zenodo.15781199
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Expected Results

The testing programs and plotting scripts should run successfully,
and the output should be similar to the figures in the paper, indi-
cating the following conclusions:

o The ingestion throughput of Bubble is significantly higher
than the other systems (> 2.5%).

e The running time of Bubble for BFS, PageRank, and CC is
shorter than or similar to the other systems (< 150%).

e In terms of TC running time, Bubble and LSGraph outper-
form each other on different datasets.

e Bubble shows better scalability than the other systems in
graph ingestion.

e The memory usage of Bubble is lower than the other systems
in most cases.

Expected Reproduction Time (in Minutes)

The expected building time for this artifact is 10 min. The expected
dataset preparation time is 1 hour (including downloading and pre-
processing). The expected execution time of the testing programs
is about 6 hours (including running all algorithms on all datasets,
with each test run only once). The expected plotting time is 5 min.

Atrtifact Setup (incl. Inputs)

Hardware. Any server with at least 80 logical cores, 128 GB of RAM,
and at least 300 GB of storage is sufficient to reproduce the results.
Our experiments were conducted on a dual-socket Dell R740 server
with two Intel Xeon Gold 5218R CPUs at 2.10 GHz. Each processor
has 20 physical cores and 40 logical cores with hyper-threading
enabled. Each CPU has 28 MB of L3 cache. The L2 and L1 caches
are 1 MB and 64 KB per core, respectively. The server is equipped
with 220 GB of DRAM and 1.5 TB of NVMe SSD storage.

Software. The software requirements for Bubble are the same as for
A1. However, the competing systems have the following additional
requirements:

e OpenCilk (v1.0)
https://github.com/OpenCilk/opencilk-project/releases

e parlaylib (v2.3.1, must be installed manually)
https://github.com/cmuparlay/parlaylib

Additionally, running the testing and plotting scripts requires
Python 3.10 or higher. The plotting scripts also depend on the
following Python packages:

matplotlib (v3.8.2)
numpy (v1.26.2)
pandas (v2.2.2)
seaborn (v0.13.2)

Datasets / Inputs. The experiments use six real-world graph datasets:
LiveJournal, Twitter, Protein2, Protein3, UK2007, and Friendster.
Scripts are provided to download and preprocess these datasets.

Installation and Deployment. The requirements for installation and
deployment are the same as for A;.
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Artifact Execution

The workflow consists of four tasks: compiling, data preparation,
running, and plotting. The workflow dependency is: compiling —
data preparation — running — plotting.

o The compiling task builds the four systems (Bubble and the
three competitors) using CMake and Make, generating the
testing programs.

o The data preparation task downloads the datasets, prepro-
cesses them, converts them into binary edge lists, and shuf-
fles them.

o The running task executes the testing programs, running all
algorithms on all datasets for all systems and writing the
output results to files.

o Finally, the plotting task processes the output files and gen-
erates the figures.

Artifact Analysis (incl. Outputs)

The plotting scripts process the output from the running task to
generate Figures 11-13 in the paper. To generate Table 2, run the
provided memory usage script and check its standard output.

Artifact Evaluation (AE)

C.1 Computational Artifact A,

Artifact Setup (incl. Inputs)

Compiling and installing Bubble is straightforward. All dependen-
cies, except for Boost, are automatically downloaded and built.
Before starting, ensure you have a complete Boost installation and
the required compiler toolchain (see AD for versions).

We recommend using Ubuntu 24.04 for easy access to the neces-
sary tools. The following steps use this system as an example:

(1) Install the build toolchain and Boost. On Ubuntu 24.04, the
default versions meet the requirements. On older systems, you
may need to install the correct versions manually.

sudo apt update
sudo apt install build-essential cmake libboost-all-dev

(2) Download the Bubble source code into your workspace direc-
tory. You can use Git or download it from the Zenodo archive.

git clone https://github.com/ldeng-ustc/bubble.git

(3) Enter the source directory and compile using CMake.

cd bubble
cmake -S all -B build
cmake --build build -j

This will compile Bubble and its test programs into the build
directory. To run other algorithms with Bubble, you can add your
code to the app directory (or a subdirectory) and re-run the compila-
tion commands. If you installed Boost manually, specify its path by
adding -DBoost_ROOT=/path/to/your/boost to the cmake com-
mand.


https://github.com/OpenCilk/opencilk-project/releases
https://github.com/cmuparlay/parlaylib
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Artifact Execution

The complete experimental workflow, which includes competing
systems, is described under Artifact A,. This section only covers
how to run the standalone Bubble benchmark. Note: You do not
need to perform these steps if your goal is to reproduce the
full results from the paper.

The basic test program, bubble/build/app/benchmarks, is gen-
erated during the setup process. To run it, you must specify an input
dataset with the -f flag and the number of threads with the -t flag.
The program will load the dataset, run the BFS, PageRank, and CC
algorithms, and output their execution times and other metrics.

An ordered version of the benchmark, benchmarks_ordered, is
also provided and uses the same arguments.

We provide a script to simplify execution:

./script/bubble/basic_benchmarks.sh <dataset> \
<vertex_count> <stdout_file> <ingest_thread>

The output will be redirected to <stdout_file>.
For example, to run the benchmark on the example K20 graph
and save the output to output. txt, use:

./script/bubble/basic_benchmarks.sh \
./example_data/K20/edgelist.bin 20 output.txt 40

Artifact Analysis (incl. Outputs)

Artifact A; does not include a separate analysis step. All procedures
for analyzing results and generating figures are described in Artifact
As.

C.2 Computational Artifact A,
Artifact Setup (incl. Inputs)

We provide a repository containing the source code and test pro-
grams for all systems evaluated in the paper (Bubble and its com-
petitors). The setup involves installing dependencies, downloading
the code, and running a build script.

(1) Install Dependencies. On Ubuntu 24.04, you can run:
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(3) Link Repositories. For the experiment scripts to function cor-
rectly, you must create a symbolic link from the graph_works
directory to the Bubble source directory.

# Both bubble and graph_works should be in the same
# directory (i.e., your workspace)

cd ../bubble # Go to bubble source directory

In -s ../graph_works ./related_works

Note: When compiling LSGraph, you might encounter a missing
iostream error. This typically requires installing the libstdc++
development package corresponding to the g++ version used by
clang. You can find the g++ version after step 2 by running command
below in the LSGraph subdirectory:

cd graph_works/LSGraph
./opencilk/OpenCilk-10.0.1-Linux/bin/clang++ -v -E

And check the output about "Selected GCC installation". For
example, if the output shows clang selected g++ 11, you need to
install the 1libstdc++-11-dev package, by:

sudo apt install libstdc++-11-dev

And then re-run the step 2 and step 3 above to rebuild LSGraph
and create the symbolic link.

Artifact Execution

To reproduce the paper’s results, you must first prepare the datasets
and then run the experiment scripts. The uncompressed and
shuffled datasets are quite large (over 300 GB), so ensure you
have sufficient disk space in your workspace.

(1) Download Datasets. Download bubble-datasets.tar.gz
from the provided Zenodo repository. The datasets are com-
pressed in the WebGraph format and need to be decompressed
and shuffled.

To download the datasets, use the following command (note
that this is a single-line command, the long URL is break for
better readability):

sudo apt update
sudo apt install libz3-dev libpmemobj-dev libtbb-dev \
numactl libnuma-dev libstdc++-14-dev

(2) Build Competing Systems. We have created a script to build
all three competing systems. Download the repository to the
same directory as Bubble (i.e., your workspace, the parent di-
rectory of bubble).

git clone https://github.com/ldeng-ustc/bubble_rel.git
mv bubble_rel graph_works

cd graph_works

./build_all.sh

The build_all. sh script navigates to the GraphOne, XPGraph,
and LSGraph source directories and compiles them to generate
executable benchmark programs. It also automatically down-
loads the required version of OpenCilk and sets it up to compile
LSGraph.
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# In your workspace directory

# About 13.6 GB

wget -0 bubble-datasets.tar.gz "https://zenodo.org/records
/15781200/files/bubble-datasets. tar.gz?download=1"

(2) Prepare Datasets. First, install the necessary tools for process-
ing.

sudo apt update
sudo apt install rustup libboost-all-dev
rustup default stable

Next, download and build our modified version of webgraph-rs
into your workspace for converting the datasets into the re-
quired format.

git clone https://github.com/ldeng-ustc/webgraph-rs.git
cd webgraph-rs
cargo build --release
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Finally, use the provided script in the Bubble repository to can be unstable during the analysis phase and may occasionally
automate the entire data preparation process. It unpacks the fail, resulting in missing data points.

bubble-datasets. tar.gz file, converts the datasets to binary

edge lists (both directed and undirected versions), shuffles them, Artifact Analysis (incl. Outputs)

and creates symbolic links in the correct locations. This step The script/ directory contains plotting scripts that process the ex-
will take about 1-2 hours, and the final datasets will oc- perimental data from data/experiments/ to generate the figures
cupy about 300 GB of disk space. from the paper.
If you have already run the basic benchmark in execution step First, create a directory to store the figures (as before, run fol-
(section C.1) of Aj, you must first delete the existing data/ lowing commands from the bubble/ directory):
directory in the Bubble source directory to avoid conflicts.
mkdir figs
cd .. # Go back to your workspace
cd bubble Run the following scripts to generate the corresponding figures:
# Make sure there is no existing data/ directory ¢ Figures 11, 12(a-c): Ingestion throughput, algorithm per-
# You can also delete it if you don't need it formance.
mv data/ data_backup/
# Make sure webgraph-rs/target/release is in your python3 script/2-exp-1-basic_benchmarks-plot.py
# workspace or specify the path in the script
python3 ./script/generate_datasets_from_webgraph.py e Figure 12(d): TC algorithm performance, only for Bubble
and LSGraph.

If your downloaded file is not in your workspace (the parent

directory of bubble), you can specify the path by adding the ar- Python3 script/2-exp-2-tc-plot.py

gument -i /path/to/bubble-datasets.tar.gz to the script o Figure 13: Scalability of ingestion.

command above.

(3) Run Experiments. The script/ directory contains Python python3 script/2-exp-3-scalability-plot.py
scripts to orchestrate the experiments. First, install the required —
Python libraries e Table 2: Memory usage. (Note that the results will print to

standard output, as a pandas data frame and a LaTeX table.)

sudo apt update

sudo apt install python3-numpy python3-pandas \ G ST = B (AT o

python3-matplotlib

After running the scripts, the figs/ directory will contain plots
corresponding to the figures in the paper.

Then, run the scripts to execute the experiments. (All scripts

should be run from the bubble/ directory.) The reproduced figures may not be identical to the paper’s figures
¢ Basic Performance (Figures 11-12a,b,c, Table 2): Tests due to:
ingestion and algorithm performance using all cores. (Takes (1) Hardware Differences: Different machine configurations
about 1-2 hours depending on hardware.) will lead to different absolute performance values, which
may affect plot scaling. As a result, lines or bars may break
python3 ./script/basic_benchmarks.py the boundaries of the plots.
(2) Instability of Competing Systems: Data points for the

e Scalability (Figure 13): Tests performance with varying
thread counts. (Takes about 6-10 hours. To reduce the ex-
perimental time, you can use scalability_fast.py, which
contains only half the data points of the version in the paper.)

competing systems in Figure 12 may be missing or appear
unusually low due to occasional runtime errors. Check the
output files in data/experiments/ for the corresponding
error messages.

(3) Single Run Variance: To reduce reproduction time, each
experiment is run only once. The paper’s results are aver-
aged over 5-10 runs. This may lead to higher variance in the
reproduced plots, especially for metrics with short execution

¢ Triangle Counting (Figure 12d): Runs TC on Bubble and times.

LSGraph. (Takes about 1-2 hours.) Despite these variations, the reproduced results should still
clearly demonstrate the paper’s main conclusions:

python3 ./script/scalability.py
# Or a faster version
# python3 ./script/scalability_fast.py

python3 ./script/run_tc.py

e Bubble achieves at least 2x (and on average over 3X) the
ingestion throughput of competing systems.

e Bubble’s analytics performance is better than or comparable
(greater than 0.5X, on average over 1.0x) to that of competi-
tors across most datasets and algorithms.

e Bubble demonstrates near-linear scalability up to 80 cores
for graph ingestion.

All results will be saved in a new subdirectory in bubble source,
inside data/experiments/, named with the execution times-
tamp.

Warning: The full suite of experiments takes approximately 4-8
hours. We strongly recommend using a terminal multiplexer like
screen or tmux to prevent interruptions. Some related works
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Reproducibility Report

D Overview of Reproduction of Artifacts

The following table provides an overview of each computational
artifact’s reproducibility status. Artifact IDs correspond to those in
the AD/AE Appendices.

Artifact ID Available Functional Reproduced
Aq ° . °
Ay °
Badge awarded yes yes yes

E Reproduction of Computational Artifacts
E.1 Timeline

Artifact evaluation was carried out on August 24-25, 2025.

E.2 Computational Environment and Resources

The experiments conducted for artifact evaluation were performed
on Chameleon Cloud CHI@UC on a Intel Xeon Cascadelake node.
The node OS was Ubuntu 20.04 which is older than that recom-
mended by the paper authors. This led to several changes being
needed on the node, eg installing newer compiler and python ver-
sions than those available.

E.3 Details on Artifact Reproduction

The appendix included all the necessry steps in enough detail
needed to reproduce the results. There were some minor miss-
ing details/errors which the paper’s authors addressed promptly.
These edits are included in their final version of the reproducabil-
ityAD/AE appendix. The evaluation was done based on the earlier
version of the appendix. The runtime for the experiments was 10+
hours, longer than expected. The artifacts, data and scripts needed
to reproduce the results take a significant amount of disk space,
hundreds of GBs. This made it impossible to create a ‘cc-snapshot’
and easily restart the evaluation instead of recreating everything
from scratch.

The data and figures created as part of this exercise reproduce the
main findings of the paper, not the exact numerical results which
is to be expected. Figure 12c was not reproduced due to an issue
in the plotting script the authors have fixed. The data to create the
plot was reproduced and inspection of the updated plotting code
indicates the issue is resolved.

Overall the appendix was well organized, clear, and correct mak-
ing the reproduction process straightforward.

Disclaimer: This Reproducibility Report was crafted by volunteers with the goal
of enhancing reproducibility in our research domain. The time period allocated for the
reproducibility analysis was constrained by paper notification deadlines and camera-
ready submission dates. Furthermore, the compute hours in the shared infrastructure
(e.g., Chameleon Cloud) available to the authors of this report were limited and re-
stricted the scope and quantity of experiments in the review phase. Consequently, the

inability to reproduce certain artifacts within this evaluation should not be interpreted
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as definitive evidence of their irreproducibility. Limitations in the time allocated to
this review and the compute resources available to the reviewers may have prevented
a positive outcome. Furthermore, reviewers assess the reproducibility of the artifacts
provided by the authors; however, they are not accountable for verifying that the

artifacts support the main claims of the paper.
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